ABSTRACT We propose a sustainability-driven resource allocation algorithm for energy harvesting powered device-to-device (D2D) communication underlaying cellular networks. In this setup, D2D transmitters harvest energy from ambient energy sources and reuse the uplink cellular channels to perform transmission to the desired D2D receivers. Considering the time-varying and unpredictable nature of the harvested energy, the proposed algorithm ensures the energy sustainability-related quality-of-service with improved system capacity. To reach this goal, a statistical model based on the effective bandwidth/capacity is adopted to formulate the energy-harvesting/-consuming processes and evaluates the sustainability assurance in terms of the statistical outage exponent. Subsequently, we formulate the resource allocation problem with a view to maximizing the sum rate of the D2D links by jointly optimizing the power allocation and spectrum resource matching, meanwhile guaranteeing the energy sustainability requirements. By employing the Lagrangian dual method, we derive an analytical expression for the transmission power allocation and present two rules to match the cellular users with the D2D links for spectrum resource reuse. Our results reveal that both the power allocation and spectrum resource matching closely depend on the statistical outage exponent. With these theoretical analyses, we put forward a distributed subgradient-based iterative resource allocation algorithm with polynomial complexity. Finally, the simulation results demonstrate that the proposed resource allocation algorithm can acquire a substantial sum-rate improvement.
I. INTRODUCTION
Device-to-device (D2D) communication as an important part of the future 5G cellular networks has attracted extensive attention in recent years [1] - [5] . It allows new peer-topeer communications by taking advantage of the spectrum sharing, and brings a wide range of benefits in terms of proximity gain, reuse gain, hop gain, etc [6] , [7] . Usually, D2D devices are powered by batteries with limited operation life. However, in many communication scenarios replacing or charging batteries regularly for such devices may be costly, impractical or even impossible. To overcome the operation bottleneck of limited life for wireless users equipped
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with batteries, employing energy-harvesting (EH) has been a choice [8] , [9] . In particular, with EH technology, devices can collect ambient energy from environments (e.g., solar, wind, thermal, vibration, radio frequency signal) and convert them into electrical energy for performing the transmission [10] - [12] . For instance, [12] investigated the scenario of applying EH technology to cognitive radio sensor network and analyzed the effect of energy harvesting process on the queue performance. Also, designing EH-powered D2D communication underlaying cellular networks (DCCNs) as well as formulating optimal resource allocation schemes have been addressed in [13] - [15] .
In particular, various resource allocation schemes for EH-powered DCCNs have been proposed to achieve a certain performance metric [15] - [18] . In [15] , the joint subcarrier VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 3.0 License. For more information, see http://creativecommons.org/licenses/by/3.0/ assignment and power allocation for multiple cellular and D2D links was investigated with the aim of maximizing the overall sum rate, while ensuring the quality of service (QoS) of cellular and D2D links, and the EH constraints of D2D links. In [17] , a sum-rate maximization problem of the cellular network was studied while guaranteeing the energy constraints and QoS of both cellular users (CUs) and D2D users (DUs), and two algorithms were derived to jointly optimize the spectrum resource matching between the cellular and D2D links and the power allocation for the D2D links. Authors in [18] investigated the joint resource block and power allocation for the D2D links in a cellular network supporting EH-powered D2D network. Both the idealized non-causal and realistic causal knowledge of the EH profiles were taken into consideration. However, these resource allocation schemes ignored the sustainability assurance of energy supply. In fact, the EH process in the EH-powered DCCN is highly time-varying and unpredictable caused by the time-dependent solar and wind patterns, or may not always be available in dynamic environments. Therefore, the sustainability of energy supply cannot be well guaranteed. Once the harvested energy is lower than a certain level, the battery takes a risk of power outage, which results in the interruption of communication. Thus, the power outage caused by the unstable energy supply does give rise to new challenges in resource allocation for EH-powered DCCN. To the best of our knowledge, the issue of the sustainability assurance has not been widely investigated. Reference [13] studied the network outage probability by introducing the EH region for a EH-powered DCCN, where user equipment relay harvests energy from the BS and uses it for D2D communications. Reference [14] modeled cognitive and energy harvesting-based D2D communication in cellular networks, and derived the outage probability for D2D and cellular users resulting from either insufficient amount of harvested energy or insufficient SINR. However, these works only explore the outage probability formulation and its influence factors for the presumed network setting, which provide no sight to the effect of the sustainability assurance in the resource allocation.
Motivated by the aforementioned reviews, in this paper, we address the issue in sustainability guarantees for a premised EH-powered DCCN, where D2D transmitters (D-TXs) have EH capabilities and perform the transmission to the desired D2D receivers (D-RXs) with the reused cellular spectrum. In particular, we study the sum-rate maximization of the D2D links, while providing the statistical sustainability-related QoS guarantee which is defined as the constraints of the power outage probability. Such statistical QoS guarantee allows the employment of large deviation techniques and has been studied in the context of the theory of effective bandwidth/capacity [19] - [21] . More specifically, effective bandwidth provides the minimum constant service rate required to support a time-varying arrival process while maintaining some statistical QoS, and effective capacity identifies the maximum constant arrival rate which can be supported by a given time-varying wireless channel in order to satisfy statistical QoS guarantees. More importantly, those provide a realistic and accurate mode for statistical QoS assurance to cope with the stochastic process over the wireless networks. By employing the theory of effective bandwidth/capacity, a set of resource allocation algorithms in the presence of statistical QoS requirements have been proposed [22] - [26] . In particular, Zhang et al. proposed a statistical sustainability guarantee framework for an EH-powered wireless network by applying the effective bandwidth/capacity theory to explicitly identify the batterylow probability as a function of the energy harvesting and consuming processes.
To address the statistical sustainability assurance for EH-powered DCCN, in this paper, we extend the analysis of the effective bandwidth/capacity formulations to D2D communication and devise a sustainability-driven algorithm jointly optimizing the transmission power of D2D links and matching CUs with D2D links with the aim to maximize the sum-rate. Also, the cross-tier co-channel interference incurred by the spectrum reuse has been taken into consideration. Explicitly, the interference power imposed on the cellular network by the D2D links is restricted not to exceed a peak interference temperature limit so as to protect the QoS of CUs. The main contributions of our work can be summarized as follows.
By employing the effective bandwidth/capacity theory, we present a tractable analytical framework of the statistical sustainability guarantee for the EH-powered DCCN. Thereinto, the power outage probability is characterized as a function of the energy harvesting and consuming processes. With this framework, we consider the joint effect of the statistical sustainability assurance and channel fading on the resource allocation. To the best of our knowledge, this is the first work to analyze this problem for EH-powered DCCN, which is extremely useful in future cellular networks with EH capability. Based on the developed framework, we formulate a power allocation and spectrum resource matching for EH-powered DCCN with the aim of maximizing the average sum-rate of the D2D links, while considering both the cross-tier interference constraint at BS and the sustainability guarantee for DUs. By introducing the co-tier interference temperature limit imposed on the D2D links, we transform the formulated problem into a convex one and mitigate the co-tier interference between the neighboring D2D links. Then, the Lagrangian dual decomposition method is invoked for finding the optimal power allocation policy in a quasi-closed form. Two lemmas to match CUs with D2D links for the spectrum resource reuse are derived based on the Karush-KuhnTucker (KKT) conditions. With the obtained theoretical results, a spectrum resource matching algorithm is proposed with polynomial complexity. We conduct in-depth simulations to provide insights on the influence of the statistical sustainability assurance on the resource allocation. To go further, the results highlight the performance achieved by EH devices on D2D links. Simulations results verify the effectiveness of the proposed algorithm via comparing with benchmark algorithm.
The rest of this paper is organized as follows. In Section II, the transmission model and the statistical sustainability guarantees are introduced. Section III formulates and solves a sum-rate maximization problem which jointly optimizes the power allocation and spectrum resource matching for EH-powered DCCN. Section IV illustrates the numerical results and discussions of the proposed algorithm. Finally, the paper is concluded in Section V.
II. SYSTEM OVERVIEW
In the following, we detail the transmission model of the premised EH-powered DCCN scenario and the statistical sustainability guarantees at each D2D user (DU) device. The key mathematical notations in this paper are summarized in Table 1 .
A. TRANSMISSION MODEL
We concern about a single-cell network scenario, illustrated in Fig.1 . A BS is located in the center of the cell, and CUs and DU pairs are uniformly located in the cell. Let M = {1, 2, . . . , M } and N = {1, 2, . . . , N } denote the index sets of CUs and D2D links respectively. We consider D2D communication as an underlay to the uplink cellular network, where DUs communicate directly with each other in pairs by reusing the licensed uplink spectrum. Suppose that the number of the orthogonal channels licensed to the uplink transmission is equal to the number of CUs M , and the cellular network is fully loaded in which all M channels are occupied by M CUs and each CU corresponds to only one dedicated channel. We assume that the wireless channels for different links undergo independent distributed fading, where the channel coefficients remain invariant within a block duration and change independently from one block to another. In this network scenario, we perform non-orthogonal spectrum sharing for CUs and DUs, where one cellular channel can be reused by multiple D2D links and each D2D link can occupy multiple cellular channels. Apparently, such spectrum sharing strategy induces both the co-tier and cross-tier interference, which happen among the D2D links and between the cellular and D2D links occupying the same channel, respectively. Thus, to guarantee the QoS of CUs, the total cross-tier interference imposed on BS over each channel is constrained under a specified threshold. That is, 
where P m n is the transmission power of D-TX n over channel m, h m n,bs is the interference channel gain from D-TX n to BS on channel m and I m bs is the maximum cross-tier interference threshold for channel m required by CUs.
On the premise that all CUs transmit with equal power P c , the received signal to interference plus noise ratio (SINR) at D-RX n on channel m is given as
where h m n,n is the channel gain for the n-th D2D link over channel m, h m c,n and h m k,n are the channel gains of the links from CU m and D-TX k to D-RX n over channel m, respectively, and W m is the noise power over channel m. In such case, based on the Shannon capacity, the achievable data rate for the n-th D2D link over channel m, denoted as R m n , is expressed as R m n = log 2 
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B. THE STATISTICAL SUSTAINABILITY GUARANTEES
We premise that each D-TX has the capability of harvesting energy from the ambient environment. Let P har and P con denote the energy harvesting and consuming processes, respectively. Also, each D-TX is assumed to be equipped with a capacity-limited rechargeable battery with B c denoting the battery capacity. When the energy left in the battery is lower than a certain threshold B th , the D-TX will enter a hibernation-like state and the communication between the DU pair will be interrupted until sufficient energy is harvested again.
Before going further, we would first spend some words on the approach of calculating the energy left in the battery. The commonly used approach is to model the energy in the battery by a queuing system, where P har and P con can be regarded as the arrival and departure processes, respectively [27] - [29] . In this energy queuing system, the average arrival rate is required to be higher than the average departure rate so as to maintain the sustainability of energy supply. However, this requirement will make the queuing system unstable and hard to analyze. To tackle this issue, we consider an alternative solution, i.e., the virtual inversely-queuing technique [30] , where P har serves as the departure process while P con as the arrival one. Thereinto, the energy-harvesting process P har and the energy consuming process P con are assumed to be independent of each other. A discrete time-slotted model is considered for the energy queuing system, where the length of a time slot is denoted by T e .
In the inversely-queuing system, the queue length actually represents the consumed energy, denoted by Q. In particular, the empty queue, i.e., Q = 0, actually represents the case that the battery is full or even overflowing, while Q = B c corresponds to the case that the battery has no energy left. With the threshold B th , we denote the maximum permissible energy consumption budget as B bug = B c − B th . Thus, to ensure the sustainability of the energy supply at D-TX, the probability of battery-low status must satisfy
where ε represents the required power outage probability which is a small number close to 0. The asymptotic results in [31] demonstrated that for the proposed virtual queuing system under sufficient conditions, the probability that the queue length Q exceeds B bug decays exponentially with B bug , i.e.,
where θ E is a positive constant, named as outage exponent. It is a crucial parameter describing the exponential decay rate of the power outage probability. When Pr{ Q > B bug } = ε, θ E can be derived from (5) as
Specifically, a small θ E corresponds to a loose power outage requirement, while a large θ E matches a strict power outage requirement. It can be concluded that θ E has close relationship with statistical sustainability guarantees. For further details, readers are referred to [32] .
In the following, we will study the statistical sustainability guarantees in the context of the theories of effective bandwidth and effective capacity [19] - [21] . First, suppose that the EH process P har is a stationary and ergodic stochastic process withh har [t] (t = 1, 2, . . .) denoting the amount of energy harvested by each D-TX at the t-th time slot. And the sequence {h har [t] , t = 1, 2, . . .} is assumed to be an independent identically distributed (i.i.d.) process. In this study, we adopt a widely used model [33] , [34] to characterize P har , whereh har [t] equals to κ or zero with probabilities and 1 − , respectively. Note that our proposal is independent of energy distributions and we focus on this energy model just for simplicity. For P har , we denote its Gärter-Ellis limit as a (θ E ) = lim r→∞ 1/t log(E{e θ E r t=1hhar [t] }), where E(·) is the expectation operation. On the premise that a (θ E ) exists and is a convex function for all θ E ≥ 0 [20, pp. 921], the effective capacity [19] , [31] can be employed to formulate P har , i.e.,
where the second equation holds due to the i.i.d. property ofh har [t] (t = 1, 2, . . .). It provides the maximum energy consumption rate that can be supported by given energy sources while satisfying statistical the sustainability guarantees [19] , [32] . Then, the energy consuming process is also assumed to be a stationary and i.i.d. stochastic process. Let the sequence {h n con [t] , t = 1, 2, . . .} denote the energy consuming process, withh n con [t] (t = 1, 2, . . .) representing the consumed power for the n-th D-TX over the t-th time slot.h n con [t] is constitutive of two parts, the energy consumed for data transmission M m=1 P m n and the constant power ζ to keep the D-TX running during a time slot T e , which is expressed as
Similar to the assumption for P har , we also assume that the Gärter-Ellis limit ofh n con [t] exists and is a convex function differentiable for all θ E ≥ 0 [20, pp. 921 ]. Thus, we can apply the effective bandwidth formulation to characterize P con , and derive the effective consuming rate shown as
It identifies the minimum EH rate required to support the given time-varying energy consuming process while satisfying the statistical QoS guarantees. We can see that θ E characterizes the balance between the energy harvesting and consuming processes. In order to guarantee the sustainability of battery energy under a given power outage probability ε, the transmission power of each D-TX should be controlled to make the following inequality holds:
which coincides with energy causality, i.e., the effective consuming rate should be lower than the effective harvesting rate. Furthermore, since log is an increasing function and θ E is positive, inequality (10) can be equivalently transformed to
where
III. SUSTAINABILITY-DRIVEN RESOURCE ALLOCATION
After introducing the premised network scenario and the constraints guaranteeing the statistical sustainability requirements, in this section, we will investigate the joint power allocation and spectrum resource matching with a view to maximizing the average sum-rate of the D2D links under the cross-tier interference constraint at BS and the energy sustainability constraints for D2D links. Explicitly, this problem can be formulated as a constrained optimization problem over P m n , i.e.,
Constraints C 1 impose the maximum acceptable cross-tier interference at BS on each channel and I m bs denotes the cross-tier interference threshold. Constraints C 2 guarantee the energy sustainability for D-TXs in terms of outage exponent θ E .
It is intractable to solve problem (12) directly due to the non-convexity of the objective function, which can be proved by the indefiniteness of the Hessian matrix of R m n [35] , [36] . To make the problem tractable, we introduce an additional co-tier interference constraint for D-RXs and denote it as C 3 ,
where I m d,n is the maximum acceptable co-tier interference that D-RX n receives from other neighboring D-TXs on channel m. As a practical matter, I m d,n is an interference threshold to mitigate the co-tier interference from the neighboring D2D links reusing the same channel.
, which actually represent the upper bound of the total received interference and the lower bound of the rate for the n-th D2D link on channel m, respectively. Then, the optimization problem in (12) can be rewritten as
It is also worth mentioning that the objective function value in problem (14) serves as a lower bound of the achievable average sum-rate of the D2D links in various practical scenarios. Since both and E{·} preserve the convexity, it can be easily proved thatR m n is a concave function of P m n . Moreover, the constraint function in C 2 is convex and the other two constraints functions are affine. Based on the above arguments, we can conclude that the optimization problem (14) is convex and satisfies Slaters constraint qualification [35] . Thus, the strong duality gap holds and the optimal solution to the primal problem (14) can be derived by exploiting its dual problem.
A. DUAL PROBLEM
Here, we solve the problem (14) by addressing it in the dual domain for a given value of P m n . With η η η = {η 1 , η 2 , . . . , η N } collecting the Lagrange multipliers associated with constraints C 2 in (14) , then the Lagrangian to (14) is defined as
Correspondingly, the master dual function can be written as
and the master dual optimization problem in charge of updating the dual variable is given by
Due to the convexity of the dual function (17), the following subgradient method can be used to calculate the optimal η η η * with guaranteed convergence [35] .
where [x] + = max(0, x), s is the step size for updating the Lagrangian factor, and l is the iteration index. Controlling s following the diminishing step size policy in [37] , the convergence of the above subgradient method is guaranteed.
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The computational complexity of this subgradient iterative algorithm increases polynomially with the number of dual variables N .
B. OPTIMAL POWER ALLOCATION AND SPECTRUM RESOURCE MATCHING POLICY AT A GIVEN DUAL POINT
Calculating the dual function (16) involves determining the optimal power allocation and spectrum resource matching {P m n } at a given dual point η η η. Thus, in the following, we will derive a quasi-closed form solution for the optimization problem (16) via the Lagrangian dual approach.
Based on the decomposability of Lagrangian function, the maximization in (16) can be decoupled across different channel fading state. That is to say, maximizing L(P m n , η η η) subject to constraints C 1 and C 3 can be reduced to the optimization problem at each channel fading state and expressed as
At a given dual point η η η, (19) is a convex optimization and there exists an optimal solution which can be derived via the Lagrangian dual approach. Let ξ ξ ξ = {ξ 1 , ξ 2 , . . . , ξ M } and µ µ µ n = {µ n,1 , µ n,2 , . . . , µ n,M } (n ∈ N ) denote the Lagrange multiplier vectors associated with the constraints C 1 and C 3 , respectively. The Lagrangian of the optimization in (19) can be written as
Since (19) is a convex optimization problem and satisfies Slaters constraint qualification [35] , its optimal solution equals to
and the dual variables µ µ µ n , ξ ξ ξ can be numerically obtained by the following subgradient iterative algorithm as
which are also motivated by the dual decomposition approach. The convergence of the iterative algorithm in (23) and (24) can be ensured by adopting a diminishing step size.
To go further, in order to reveal the structure of the optimal solution P m n * in (22), we present the following proposition on the basis of the complementary slackness condition.
Proposition 1: The sufficient and necessary conditions for the optimal solution follow
Proof: The proof is provided in Appendix A. According to the optimality conditions in (25) , for the n-th D2D link, we divide the whole CU index set M into two mutual exclusive subsets, M n 1 and M n 2 , such that P m n * = 0, ∀m ∈ M n 1 , whereas P m n * > 0, ∀m ∈ M n 2 . M n 2 actually represents the set of CUs matched with the n-th D2D link. Based on this fact, two scenarios are taken into consideration, as follows.
Under this condition, the n-th D2D link is matched with all the CUs, i.e., P m n * > 0, ∀m. From (25), the maximum of L n (P m n , η η η, ξ ξ ξ , µ µ µ n ) exists when the following equation holds.
We can rewrite (26) as
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ln 2 . From (27), we can express P m n (m > 1) in terms of P 1 n as
Substituting (28) into the first equation of (27), we can obtain an equation with only one unknown variable P 1 n , which is given in (29) , as shown at the top of this page. Thus, the solution to P 1 n can be easily derived from (29) and then P m n (m > 1) can be calculated from (28) .
We can observe that in (29) , if there is no constraint on the sustainability assurance, i.e., θ E = 0, the proposed power allocation policy correspondingly converges to the formula as
Apparently, this policy has a similar expression to the wellknown classical water-filling policy [38] .
2) P m n = 0 FOR SOME m ∈ M In this case, the key is how to determine the set M n 2 . Intuitively, we can employ exhaustive search method to calculate it. Specifically, for a given (M n 1 , M n 2 ) combination, we firstly set P m n = 0, ∀m ∈ M n 1 and then solve the following equation to obtain P m n * , ∀m ∈ M n 2 :
Notice that the index set M should also be replaced by M n 2 in the derivation from (27) to (29) . Then, we check whether the obtained P m n * , ∀m ∈ M n 2 satisfy the optimality conditions in (25) . If the optimality conditions are satisfied, the search is over and the optimal spectrum resource matching M n 2 and power allocation P m n * can be obtained. Otherwise, we choose another (M n 1 , M n 2 ) combination and repeat the above process. In the worst case, the optimal solution requires a search over 2 M possible (M n 1 , M n 2 ) combinations, and the cardinality of the search space increases exponentially with the CU number. Therefore, for a rather practical number of CUs considered in this scenario, the exhaustive search is clearly unfeasible. In order to improve search efficiency, we provide the following two lemmas with the denotation as Lemma 1: Based on the premise that t n ≥ m n and m ∈ M n 2 , we have t ∈ M n 2 . Proof: The proof is provided in Appendix B. Lemma 1 characterizes the priority criterion for selecting the cellular channels, i.e., m n . Its value is proportional to h m n,n , while inversely proportional to h m n,bs and h m n,k . Moreover, the smaller the value of m n , the less chance of allocating power to channel m. Then, we will decipher this criterion from an economic point of view. On the premise that dual variable ξ m represents the cross-tier interference price at BS over channel m, the third term (21) can be regarded as the aggregate cross-tier interference cost. Similarly, we view the fourth term
in (21) as the aggregate co-tier interference cost, by assuming that the dual variable µ n,m represents the co-tier interference price at D-RX n over channel m. Therefore, the optimization problem in (22) is to maximize the profit of the data transmission for the n-th D2D link over M cellular channels, where the profit is defined as the rate revenue n , the aggregate cross-tier interference cost and co-tier interference cost. Thus, in this premised economic scenario, the second term and the third term of m n can be viewed as the cross-tier and the co-tier interference gain per unit transmission power at D-RX n, respectively. Correspondingly, m n can be interpreted as the gain of transmitting unit power for the n-th D2D link over channel m. Apparently, to maximize the system profit, we should choose the channel which has the better gain. That is, the larger the value of m n , the higher the priority of channel m being selected into M n 2 . Furthermore, a channel cannot be selected unless all the channels with higher priority have been selected into M n 2 . Lemma 2: If m n ≤ η n θ E T e , we have m ∈ M n 1 . Proof: The proof is provided in Appendix C. A complement to elaborate the priority criterion m n is given in Lemma 2. Lemma 2 means that if m n ≤ η n θ E T e , then channel m will lose the chance of being selected into M n 2 . We can conclude from Lemma 2 that, for given sustainability assurance, channel m will be selected into M n 2 only when h m n,bs and h m n,k of the interference links are small enough or h m n,n is large enough such that n,m tends to be larger than η n θ E T e . More importantly, when the energy sustainablity requirement is more stringent, i.e., the value of θ E is larger, less cellular channels will be selected for communication, which incurs the sum-rate reduction. This phenomenon shows that there exists a fundamental tradeoff between the achieved sum-rate and the battery sustainablity assurance. The higher sum-rate gain comes at the price of sacrificing the battery sustainablity assurance, and vice versa. 
C. POWER ALLOCATION AND SPECTRUM RESOURCE MATCHING ALGORITHM
Based on the above analysis, the joint power allocation and spectrum resource matching algorithm is summarized in Algorithm 1. It is observed that two nested loops are executed to solve the optimization problem in (14) . In the inner loop (step 1-step 10), we calculate the optimal value of P m n , M n 1 and M n 2 in (14) . In particular, S n 1 and S n 2 are firstly defined in step 3. Then, according to Lemma 1, step 4 sorts the indices in S n 2 with the increasing order of m n to obtain the permutation π = {π (1), . . . , π (|S n 2 |)}. Finally, the elements in π are examined one by one, until we find a π (t) such that M n 1 = S n 1 {π (1), . . . , π (t − 1)}, M n 2 = {π (t), . . . , π (|S n 2 |)} and the combination (M n 1 , M n 2 ) satisfies the optimality conditions in (25) , as illustrated in steps 5-9. Its convergence can be guaranteed due to the convexity of the optimization problem (19) . In the outer loop, Lagrange multipliers η, ξ and µ are updated with P m n , M n 1 and M n 2 obtained in the inner loop. The convergence of the outer iterative process can be guaranteed, provided that the step sizes to update the Lagrangian factors η, ξ and µ follow the diminishing step size policy in [37] , which has been mentioned above.
Finally, we discuss the time complexity and convergence of this iterative algorithm. As mentioned above, if the step sizes for updating the Lagrangian factor η, ξ and µ in the subgradient method illustrated in (18), (23) and (24) follow the diminishing step size policy in [37] , the convergence of the iterative algorithm can be guaranteed.
Finally, we discuss the time complexity of this iterative algorithm. In the inner loop, the power allocation and spectrum resource matching scheme for each D2D link is derived, whose iteration number is no more than |S n 2 | and |S n 2 | ≤ M . Hence, the complexity of steps 1-10 is in the order of O(MN ). As mentioned before, the complexity of subgradient method is polynomial with the number of dual variables. As such, the time complexity at each iteration of variables updating is O(MN ), which involves N battery energy sustainability constraints in (18) , M cross-tier interference constraints at BS in (23) and MN co-tier interference constraints at D-RXs in (24) . Finally, we can conclude that the overall complexity of the proposed iterative algorithm is about O(MN ).
IV. NUMERICAL RESULTS AND PERFORMANCE ANALYSIS
In this section, we conduct extensive simulation under various system parameters to evaluate the performance of the proposed power allocation and spectrum resource matching policy. In the simulation, we consider a D2D communication underlay cellular network with users distributed uniformly in a circular cell. The number of DU pairs and CUs are N = 8 and M = 20, respectively, and we set T e = 1ms. The maximum co-tier interference power over each cellular channel at each DU is constrained to I m d,n = −70dBm, and the upper bound of total received interference and noise power of D-RX n on channel m isÎ m n = −67dBm. The wireless
Algorithm 1 Iterative Power Allocation and Spectrum Resource Matching Algorithm
Initialization: Set Lagrangian variable vectors η, ξ and µ equal to some nonnegative values. Repeat:
Sort all the indices in S n 2 in the increasing order of m n to build the permutation π = {π (1), . . . , π (|S n 2 |)}.
. Notice that {π (0)} equals to an empty set. 7 Solve equation in (31) and obtain the solution P m n , ∀m ∈ M n 2 . 8
Check whether M n 1 and M n 2 satisfy the optimal conditions in (25) . If the conditions are satisfied, break. 9 end for 10 end for 11 Update dual variables η, ξ and µ according to (18) , (23) and (24), respectively.
Until: Required precision is satisfied.
channels for different links experience independent distributed fading, and are assumed to follow Rayleigh fading model with different variances. Specifically, the power gain for either desired signal or interference is modeled asγ d We set α = 3 for the D2D transmission links and α = 3.5 for the interference links, due to the different propagation environments. In the simulation, the reference SNR is set to −50dBm. The EH probability = 0.5, the power to ensure D-TX normal operation ζ is set to 10µw. The other system parameters are provided in each simulation figure accordingly.
The simulations were carried out using Matlab R2012b on a PC with the 64bit Windows 10 operating system, Intel core i7-6700 CPU at 3.4 GHz, and 16 GB RAM. For the above scenario with N = 8 DU pairs and M = 20 CUs, the average executing time of each iteration for calculating P m n and M n 2 with Algorithm 1 is 0.006 seconds, while that of the exhaustive search algorithm for spectrum resource matching is about 7000 seconds. These results further confirm the efficiency of Algorithm 1. Fig. 2 , we can observe that the sum-rate obtained by our proposal grows significantly with the increase of κ (the unit of κ is µJ). Also, for any κ, the average sum-rate generally decreases with the rise of θ E . This is due to the fact that the battery need to reserve more energy to guarantee a more stringent energy sustainability requirement. As such, as θ E increases, the amount of the assignable power will decrease, so will the amount of power consumed by DUs, which is also verified in Fig. 3 . However, although we employ the optimal policy, the achieved sum-rate for any κ still converges to zero as θ E continues to increase. In fact, the proposed policy has maximized the sum-rate to the best of its ability. This implies that the premised energy harvesting model cannot support stringent energy sustainability assurance over the Rayleigh fading channels. Conversely, as θ E approaches 0, the achieved sum-rate reaches saturation. The reason is that when the energy requirement becomes loose, e.g., θ E < 10 −4 , the proposed resource allocation policy neglects the energy sustainablity constraint, and thus all the harvested energy is allocated to D-TXs for data transmission. Moreover, comparing Fig. 3a with Fig. 3b , we can observe that as the maximum cross-tier interference constraint at BS becomes stringent, i.e., I m bs goes from -70dBm to -80dBm, the proposed policy restricts the transmission power from disrupting the cellular communication. Accordingly, the achieved sum-rate decreases with decreasing I m bs , as shown in Fig. 2 .
The plots for the average sum-rate of DUs versus the outage exponent θ E are also given with Fig. 4 . A similar conclusion can be drawn that as θ E increases, the achieved sum-rate for any κ generally decreases. Moreover, it is worth noting in Fig. 4a that the proposed algorithm performs significantly better in the case of κ = 20 than that of κ = 10, while in Fig. 4b , the two curves of κ = 20 and κ = 10 are almost indistinguishable. The reason is that, for the loose cross-tier interference constraint at BS, i.e., I m bs = −70 dBm, the proposed algorithm can enhance the sum-rate when we increase κ, without considering the cross-tier interference constraint at BS. Nevertheless, as this interference constraint becomes stringent, i.e., I m bs = −80dBm, the proposed VOLUME 7, 2019 algorithm must limit the transmission power so as not to interfere the cellular communication. In fact, in all cases of κ ≥ 10, the cross-tier interference constraint plays a leading role in adapting transmission power and the effect of increasing κ is feeble, which explains that the curve of κ = 20 overlaps with that of κ = 10 in Fig. 4b . Comparing Fig. 4 with Fig. 2 , we can also see that as the channel quality goes better (d i,i gets smaller) and the interference channel quality goes worse (d i,k , d i,bs , ∀i, k gets bigger), the achieved sumrate in Fig. 4 are significantly larger than those in Fig. 2 . This agrees with our expectation that more stable channels can support a larger system capacity with given energy sustainability requirements.
To further investigate the effect of the energy sustainability requirement on the system performance, Fig. 5 plots the average sum-rate against the power outage probability with different B bug . Increase of B bug implies that more energy can be utilized for data transmission. Hence, it is apparent that the achieved sum-rate increases with increasing B bug . However, as B bug increases further, the growth in sum-rate gets smaller, because the interference constraint will impose restrictions on the transmission power when B bug reaches a certain value. From Fig. 5 , we also observe that, as the required power outage probability increases, the achieved sum-rate increases accordingly. This phenomenon can be explained as follows. As the energy sustainability requirement becomes loose, the battery just needs to retain less energy, which induces more energy available for data transmission.
To compare the effect of different resource allocation policies on the energy sustainability assurance, Fig. 6a and Fig. 6b presents the achieved average sum-rate as a function of θ E for the proposed policy and SNR max based policy. In the SNR max based policy, cellular channel m can only be used by the DU with the maximal h m n,n and the transmission power is allocated according to (31) . As shown in Fig. 6 , for a small θ E , our proposed policy outperforms SNR max based policy distinctly in terms of the sum-rate. That is mainly due to the fact that, under a loose energy sustainability requirement, the proposed policy will match multiple cellular channels with a given D2D link, including those channels whose channel magnitude are not the greatest. Thus, our proposal can exploit the power domain for users multiplexing and correspondingly acquire the gain of non-orthogonal spectrum sharing technique. In addition, the gained advantage of our proposal is eroding as the outage exponent increases. Especially, the performance of the SNR max based policy approaches the proposed policy under a stringent energy sustainability requirement. Such behavior of our proposal indicates that it strives to make full use of the better channels, so as to save power and guarantee the increasingly stringent energy sustainability requirement. From the above observations, we can conclude that: 1) In addition to channel randomness, the power outage probability is also a key factor affecting the system performance and it is necessary to devise resource allocation considering the joint effects of the statistical energy sustainability guarantee and channel fading; 2) The employment of the effective bandwidth/capacity formulations for EH-powered DCCNs can acquire a substantial sum-rate improvement gain when compared with the traditional resource allocation policy. 
V. CONCLUSION
This paper has addressed the resource allocation problem for EH-powered DCCNs, where D2D devices have the ability to harvest energy from environment. Considering the highly time-varying and unpredictable nature of the EH process, a statistical sustainability guarantee framework has been proposed in terms of the statistical outage exponent and power outage probability. With this framework, the related resource allocation problem takes power allocation and spectrum resource matching into consideration while maximizing the average sum-rate of the D2D links subject to the cross-tier interference constraints at BS and the energy sustainability constraints for DUs. By the Lagrangian dual decomposition method, we solved the optimization problem and derived a series of analytical expressions for allocating power and matching the cellular channels with D2D links. In addition, a distributed iterative algorithm has been devised with polynomial computational complexity, which has the benefit of adapting the transmission power and spectrum resource as a function of statistical outage exponent θ E . Simulation results demonstrate that the power outage probability is a key factor affecting the achieved sum-rate of the EH-powered DCCN. Therefore, our statistical sustainability guarantee framework provides a promising solution to improve the system performance of the EH-powered DCCNs.
APPENDIX A PROOF OF PROPOSITION 1
Proof: Since P m n should be a nonnegative value, the optimization problem (19) can be rewritten as arg max 
Let λ λ λ n = {λ n,1 , λ n,2 , . . . , λ n,M }, n ∈ N be the Lagrange multipliers associated with −P m n ≤ 0, ∀m, so the Lagrangian is L (P 
According to the complementary slackness condition for the optimal solution P m * n and λ λ λ * n [35] , we can derive the following: 
Suppose t / ∈ M n 2 , that is, P t n = 0. From (25) That is, t n < m n , which contradicts the assumption. Therefore, we must have t ∈ M n 2 . The lemma holds.
APPENDIX C PROOF OF LEMMA 2
Proof: Suppose m n ≤ η n θ E T e , then, we can write . This implies that the second inequality in (41) should be strictly satisfied, and thus ∂L n ∂P m n < 0. From the optimality conditions in (25), we have P m n = 0, which contradicts the assumption that m ∈ M n 2 . Therefore, we must have m ∈ M n 1 . The lemma holds.
